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Abstract The extent and impact of climate-related extreme events depend on the underlying
meteorological, hydrological, or climatological drivers as well as on human factors such as land use or
population density. Here we quantify the pure effect of historical and future climate change on the
exposure of land and population to extreme climate impact events using an unprecedentedly large
ensemble of harmonized climate impact simulations from the Inter-Sectoral Impact Model
Intercomparison Project phase 2b. Our results indicate that global warming has already more than doubled
both the global land area and the global population annually exposed to all six categories of extreme events
considered: river floods, tropical cyclones, crop failure, wildfires, droughts, and heatwaves. Global
warming of 2◦C relative to preindustrial conditions is projected to lead to a more than fivefold increase in
cross-category aggregate exposure globally. Changes in exposure are unevenly distributed, with tropical
and subtropical regions facing larger increases than higher latitudes. The largest increases in overall
exposure are projected for the population of South Asia.
Plain Language Summary Global warming changes the frequency, intensity, and spatial
distribution of extreme events. We analyze computer simulations of river floods, tropical cyclones, crop
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Our results show that global warming increases the number of people around the world that are affected
by these events each year, both for all event types combined and each type individually. Changes in the
chance of being affected by extreme events are unevenly distributed in space. Particularly large increases
are simulated for tropical and subtropical regions.
1. Introduction
From 1980 to 2018, around 400 weather-related disasters annually have caused around 23,000 fatalities and
US$ 100 billion worth of direct economic damages worldwide each year (Munich RE, 2020). Weather events
have also been the dominant driver of internal displacement, with an annual average of 23 million newly
displaced people from 2009 to 2019 (IDMC, 2020). Moreover, these events push people into poverty and
prevent poor people from escaping poverty (Hallegatte et al., 2015), and they have the potential to dampen
long-term economic growth (Hsiang & Jina, 2014; Kousky, 2014).
Multiple categories of events contributed to these damages. For 1980 to 2018, Munich RE (2020) attributes
55% of the direct economic losses caused by weather-related disasters to storms, 27% to floods, and 18% to
extreme temperatures, droughts, and wildfires. While these events are often referred to as natural disasters,
the underlying extreme weather patterns have already started to show a marked signal of anthropogenic
forcing (Coumou & Rahmstorf, 2012; Hoegh-Guldberg et al., 2018; Lehmann et al., 2015; Trenberth et al.,
2015). Continuing global warming is projected to further change the events' frequency, intensity, and spatial
distribution (Dai, 2013; Hirabayashi et al., 2013; Im et al., 2017; Pechony & Shindell, 2010; Sobel et al., 2016).
In addition to the severity of the event, the amount of damage inflicted by an extreme weather event depends
on a wide range of socioeconomic factors including patterns of land use, water, forest and agricultural man-
agement. It also depends on the extent to which people and economic assets are exposed to the event (Andela
et al., 2017; Geiger et al., 2016; Geiger & Stomper, 2020; Winsemius et al., 2013). This renders the detection
of a climate change signal in historical variations of observed impacts of weather-related disasters difficult,
except in those regions where direct human influences are low (Abatzoglou & Williams, 2016), or to cases
in which the effect of climate change can be empirically separated from the effects of other drivers (Lobell
et al., 2011).
Process-based climate impact models allow for such a separation, since individual drivers can be systemati-
cally isolated and their contributions to changes in impacts quantified using a suitable portfolio of simulation
scenarios (Frieler et al., 2017). These models represent physical and biogeochemical processes, such as
evapotranspiration (e.g., in hydrological models) and photosynthesis (e.g., in vegetation models). Using pro-
jections of climate change and socioeconomic change as input, the models can be used to project and assess
the associated impacts and risks (Piontek et al., 2014; Rosenzweig et al., 2017). While a targeted scenario
portfolio allows for quantification of the effects of different drivers, the modeling uncertainty of such pro-
jections can be quantified in a multimodel framework, where harmonized inputs and a common modeling
protocol are used for simulations with multiple models from the same sector (e.g., multiple hydrological
models). To allow for a consistent multisectoral risk assessment, multimodel frameworks are extended to
cover models from multiple sectors (e.g., multiple hydrological models and multiple vegetation models).
Phase 2b of the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP2b) resulted in a particu-
larly large database of process-based climate-impact-model output produced in a multisectoral, multimodel
framework. To our knowledge, it is the largest database of its kind currently available. All model simulations
are based on the same climate and socioeconomic input data and follow the simulation protocol described
in Frieler et al. (2017). Here we make use of this database to quantify the pure effect of climate change
on both the land area and population annually exposed to extreme climate impact events in today's 1◦C
warmer world as well as at higher levels of global warming relative to preindustrial conditions. The effects
of historical and future climate change are quantified by comparing with baseline simulations that combine
preindustrial climate conditions with historically varying and fixed present-day socioeconomic conditions,
respectively.
Our analysis covers six important event categories, namely river floods, tropical cyclones, wildfires, crop fail-
ure, droughts, and heatwaves. For every event category, we define a certain event magnitude and then scan
the multimodel data to find where and how often this event magnitude is exceeded. These event occurrences
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are then combined with land area and population patterns to quantify the exposure of land and population
to extreme events. For river floods and droughts we use the output of eight hydrological models. Data for
tropical cyclone projections come from a single tropical cyclone model. Wildfire projections are based on the
output of five vegetation models. Crop failure is derived from the output of three crop models. Our heatwave
indicator is directly computed from the climate input data used as input by the other models.
This analysis is not a complete risk assessment since we do not account for vulnerability and hence cover
only two (hazard and exposure) of the three components that constitute risk according to the Intergovern-
mental Panel on Climate Change (IPCC; Oppenheimer et al., 2014). Nevertheless, changes in exposure are
analyzed at three spatial scales. First, we study the global land area and population exposed to assess the
overall direction and magnitude of change. Then we look at regional differences in projected exposure to
identify hot spots of impacts of global warming. Finally, we relate changes in exposure at the national level
to economic productivity to highlight distributional aspects of climate change.
2. Data and Methods
In the following we describe the impact model simulations analyzed in this study and discuss the models'
fitness for purpose. We then introduce the exposure measures used and explain how we quantify the pure
effect of climate change on the land area and population exposed to extreme events at different levels of
global warming. Finally, we specify how we define river floods, tropical cyclones, wildfires, crop failure,
droughts, and heatwaves and discuss alternatives to and limitations of these definitions.
2.1. Impact Model Simulations and Evaluation
Except for heatwaves, the exposure measures analyzed here are calculated based on process-based impact
model simulations carried out within ISIMIP2b (Frieler et al., 2017). Hydrological, vegetation, and crop
models were forced by bias-adjusted (Frieler et al., 2017; Lange, 2017, 2018) output of preindustrial
(200 years) and historical (1861–2005) climate simulations as well as future climate projections (2006–2100)
for the low emissions scenario RCP2.6 and the medium emissions scenario RCP6.0, generated with four
Global Climate Models (GCMs; IPSL-CM5A-LR, HadGEM2-ES, MIROC5, and GFDL-ESM2M) within
Phase 5 of the Coupled Model Intercomparison Project (CMIP5 Taylor et al., 2011). Input and output data of
the impact model simulations have a spatial resolution of 0.5◦ latitude × 0.5◦ longitude. The high-resolution
physical model used to generate large samples of potential realizations of tropical cyclone tracks and
intensities was forced by subdaily output of the GCMs listed above.
The climate input data are restricted to four GCMs and two RCPs according to the ISIMIP2b simulation
protocol. This restriction was to limit the work load of the modeling teams and thus to lower the barrier to
participation in ISIMIP2b. GCM selection was heavily constrained by CMIP5 data availability, see Frieler
et al. (2017) for details. Another selection criterion was equilibrium climate sensitivity (ECS). The goal was
to select GCMs such that they approximately represent the CMIP5 distribution of ECS. That is why high-ECS
(IPSL-CM5A-LR, HadGEM2-ES) as well as low-ESC (MIROC5, GFDL-ESM2M) models were selected. The
emissions scenario selection reflects the fact that ISIMIP2b was designed to support the IPCC special report
on the impacts of global warming of 1.5◦C above preindustrial levels and related global greenhouse gas
emission pathways. At a later stage, the high emissions scenario RCP8.5 was added to the protocol but
substantially fewer simulation results are available for this than for the other two scenarios.
Exposure to river floods and droughts is calculated based on the output of eight global hydrological models
(GHMs; see Table S1 in the supporting information). In particular, output of daily runoff and monthly soil
moisture is used for river floods and droughts, respectively (see section 2.4 and Texts S1 and S2 for details).
The ability of GHMs to simulate high-flow and low-flow conditions has been assessed in a number of model
evaluation studies (Giuntoli et al., 2015; Gudmundsson et al., 2012; Huang et al., 2017; Schewe et al., 2019;
Staudinger et al., 2011; Velázquez et al., 2013; Vetter et al., 2017). For high-flow conditions, this ability has
been found to mainly depend on climate input data quality, whereas for low-flow conditions, GHMs usually
contribute substantially to the overall modeling uncertainty, reflecting uncertainties associated with the
representation of hydrological processes such as the depletion of soil moisture stores.
In addition to the eight GHMs, we use the global river model CaMa-Flood (Yamazaki et al., 2011, 2013) to
calculate river flood exposure (see section 2.4). CaMa-Flood has been shown to improve the reproduction of
the multimodel ensemble mean of observed peak discharge in most regions compared to the original routing
LANGE ET AL. 3 of 22
Earth’s Future 10.1029/2020EF001616
schemes used within the GHMs, although individual GHM discharge might still fit better to observations
(Zhao et al., 2017) and the model is widely used to estimate global river flood risk under climate change
(Dottori et al., 2018; Hirabayashi et al., 2013; Koirala et al., 2014; Pappenberger et al., 2012).
Exposure to crop failure is calculated based on maize, rice, soybean, and wheat yields simulated with three
global gridded crop models (GGCMs) using ISIMIP2b land use and irrigation patterns (Frieler et al., 2017)
and fixed agricultural management (Table S2). Müller et al. (2017) found that most GGCMs are capable
of reproducing much of the observed temporal variability of maize, wheat, and soybean yields especially
in countries with industrialized agriculture, whereas their skill in rice simulation is lower. The particular
impact of heatwave and drought conditions on crop yields was studied by Schauberger et al. (2017), who
found consistent responses of US maize, soybean and wheat yields to high temperatures in GGCM simula-
tions and observations, as well as by Schewe et al. (2019), who found that GGCMs do not fully capture the
extremeness of yield declines of maize and wheat that occurred in response to the 2003 European heatwave
and drought.
Exposure to wildfires is derived directly from the output of burned area of five global vegetation models
(GVMs; see Table S3). These models simulate a wide spread of global annual burned area values and overall
they reproduce observed spatial patterns of wildfire occurrence unsatisfactorily (Text S3). These model-
ing uncertainties are mainly due to unrepresented or misrepresented direct human influences on wildfire
ignition, suppression, and management (see Andela et al., 2017, and Text S3). Nevertheless, we interpret
projected changes in burned area as a proxy for the impact of climate change on the exposure to wildfires,
acknowledging that future changes in direct human influences on wildfires have the potential to reverse
any of the trends found here.
Exposure to tropical cyclones is calculated based on tropical cyclone tracks generated using a dynamical
tropical cyclone model (Emanuel, 2013) combined with a wind-field model (Holland, 2008) as implemented
in the climate risk modeling toolbox climada (Aznar-Siguan & Bresch, 2019; Geiger et al., 2018; Gettelman
et al., 2018). The dynamical downscaling approach (Emanuel et al., 2008) as well as the wind-field model
have been shown to realistically reproduce observed tropical cyclone data (Geiger et al., 2018; Holland, 2008)
and have been applied to project socioeconomic tropical cyclone impacts (Mendelsohn et al., 2012).
2.2. Exposure Measures
We measure exposure in a way that facilitates its comparison and aggregation across extreme event cate-
gories. This requires the use of (i) a common exposed entity and (ii) a common time scale of exposure across
categories. For (i) we use the land area exposed to extreme events as the basis of our analysis because it
can easily be defined for all categories considered (see section 2.4). For (ii) we use the annual time scale as
this is the natural time scale for crop failure. All the other events (river floods, tropical cyclones, wildfires,
droughts, and heatwaves) can theoretically hit the same location multiple times per year. To facilitate an
aggregation of exposure across categories, we measure the land area that is exposed to at least one event in
a given year.
In addition to land area, we measure population exposure, assuming that only people living in the exposed
area can be exposed. For river floods, tropical cyclones, wildfires, and heatwaves, we assume that all people
in the exposed area are exposed. For droughts we assume that only the rural population is exposed. For crop
failure we assume that exposure is limited to those whose income depends on the failed crop (see Text S4). In
all cases, population exposure is calculated by multiplying the total/rural/farming population of a grid cell
by the exposed land area fraction of the grid cell (while extensive events are assumed to expose entire grid
cells, confined events are assumed to expose only fractions of a grid cell, see section 2.4). For that purpose
we use historically changing population data during 1861–2005 (Klein Goldewijk et al., 2017) and constant
1860 and 2005 population data before and after that time period, respectively. Note that our restriction to
local exposure means that nonlocal impacts of extreme events are not included in our estimates. Examples
for such nonlocal impacts include the impact of crop failure on food security through trade (d'Amour et al.,
2016; Puma et al., 2015), the amplifying effect of increased upstream water demand on downstream water
scarcity during drought (Veldkamp et al., 2017), and the impact of wildfires on urban air quality (Konovalov
et al., 2011).
We aggregate exposure across event categories to measure the overall exposure to extreme climate impact
events. As for the individual categories, we measure the land area exposed to at least one event in a given
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year, but this event may come from any of the categories we wish to aggregate. Since we do not know how
land-area fractions exposed to different categories of events overlap at the subgrid scale, we assume that the
land area fractions exposed overlap as much as possible except for the land area fractions exposed to crop
failure and wildfire, which we assume to overlap as little as possible because crop land is explicitly unable to
burn in all but one GVM (see Text S3). In line with these assumptions, we estimate the aggregated land area
exposed as the maximum (sum in the case of crop failure and wildfire) of the land area fractions exposed
to events from the individual categories to be aggregated. Population exposure is aggregated similarly but
using the maximum in all cases because the population fractions exposed to crop failure and wildfire are
not necessarily disjoint. Note that our aggregation method prevents the double counting of related events
such as co-occurring droughts and wildfires.
2.3. Pure Effect of Climate Change
Two types of impact model simulations are analyzed in this study. The first type are scenario simulations that
use historical and projected climate input data before and after 2005, respectively, combined with input data
on direct human influences that mimic the historical socioeconomic development until 2005 and are fixed at
2005 levels thereafter. Direct human influences considered in these simulations include but are not limited
to land, water and fertilizer use. In some cases the historical scenario simulations were also done using fixed
socioeconomic input data, sometimes due to a lack of historically varying data (such as for growing seasons
and fertilizer input), and in other cases due to limited resources for input data preprocessing (such as for
H08 and JULES-W1) or a model's inability to work with time-varying input data (such as transient land
cover for WaterGAP2 and CLM4.5 with active irrigation). For an overview of which and how direct human
influences are considered in the GHM, GGCM, and GVM simulations see Table S4.
The second type are baseline simulations that use the same input data on direct human influences as the
scenario simulations but combine these with climate input data that represent counterfactually stable prein-
dustrial conditions for the entire 1861–2100 time period. The pure effect of climate change on the land
area and population exposed to extreme events is derived from differences between scenario and baseline
simulations.
We pool these differences from the historical, RCP2.6, and RCP6.0 scenario simulations to quantify changes
in exposure at different levels of global warming. This pooling is done under the assumption that the rela-
tionship between global mean temperature (GMT) change and exposure change is scenario-independent.
For the pooling we use GMT change bins of 0.5◦C width covering the -0.5◦C to 4.0◦C GMT change range
(see Table S5 for the GCM-specific number of simulation years per bin). The pooled differences are then
averaged per bin and mean values of these averages from neighboring bins are used to quantify the change
in exposure at global warming levels that increase from 0◦C to 3.5◦C in steps of 0.5◦C relative to the
GCM-specific preindustrial average GMT level.
2.4. Extreme Event Definitions
Six categories of extreme events are analyzed in this study. We distinguish extensive events (droughts and
heatwaves) to which any part of a grid cell is susceptible, from confined events (river floods, tropical cyclones,
crop failure, and wildfires) to which only parts of a grid cell may be susceptible according to elevation
maps, storm tracks, land use patterns, or vegetation structure. The distinction reflects that we expect abso-
lute changes in exposure to be larger for extensive than for confined events. In line with this expectation,
aggregated exposure is analyzed not only for all event categories combined but also for extensive events
and confined events separately. In the following we present the details of our extreme event definitions. An
overview is given in Table 1.
Since the GHMs do not directly simulate flooded area, we employ the flood inundation scheme of the global
river model CaMa-Flood to translate daily runoff from the GHMs into flood depth and flooded area. Specifi-
cally, the flooded area associated with the annual maximum daily discharge is used to estimate the land area
exposed to river flooding at least once in a given year. A grid cell is considered to be exposed to river flooding
if the maximum annual discharge exceeds the 100-year return level derived from the preindustrial baseline
simulations. To estimate the flooded area fraction of a 0.5◦ × 0.5◦ grid cell, we downscale CaMa-Flood output
of flood depth to 2.5′ spatial resolution using high-resolution topography data and aggregate the resulting
flooded area back up to 0.5◦ resolution (see Text S1 for details).
LANGE ET AL. 5 of 22
Earth’s Future 10.1029/2020EF001616
Table 1
Extreme Event Definitions Used in This Study
Event category Event type Definition of land area exposed Definition of population exposed
River Confined Flooding is assumed to occur whenever daily Land area fraction exposed
flood (by topography) discharge (0.5◦ resolution) exceeds the multiplied by total population
preindustrial 100-year return level; to derive of grid cell.
the associated land area exposed per grid cell,
simulated runoff is translated into inundation areas
(2.5′ resolution) by CaMaFlood
(Yamazaki et al., 2011, 2013).
Tropical Confined Fraction of grid cell exposed to 1-min Land area fraction exposed
cyclone (to storm track) sustained hurricane-force winds multiplied by total
(at least 64 kt) at least once a year (0.1◦ resolution); population of grid cell.
information required about wind fields
is derived from center location and
minimum pressure/maximum wind speed
(Emanuel, 2013; Geiger et al., 2018).
Crop Confined Fraction of grid cell where one of the considered Land area fraction exposed multiplied
failure (to agricultural land) crops (maize, wheat, soybean, and rice) is by employment in agriculture as
grown and the corresponding crop yield falls a fraction of total employment,
short of the 2.5th percentile of the preindustrial divided by grid cell area
baseline distribution; crop-specific land fraction used for agriculture.
area fractions exposed are added up.
Wildfire Confined Annual aggregate of monthly burned land Burned land area fraction multiplied by
(to vegetated land) area simulated by global vegetation models. total population of grid cell.
Drought Extensive Entire grid cell if monthly soil moisture Rural population
(can occur everywhere) falls below the 2.5th percentile (Klein Goldewijk et al., 2017) of
of the preindustrial baseline distribution for exposed grid cell.
at least seven consecutive months.
Heatwave Extensive Entire grid cell if both, a relative Total population of exposed grid cell.
(can occur everywhere) indicator based on temperature
(Russo et al., 2015, 2017) and
an absolute indicator based on
temperature and relative humidity
(Masterton & Richardson, 1979) exceed
their respective threshold value.
The land area exposed to tropical cyclones is defined as the land area that is subject to 1-min sustained
hurricane-force winds (wind speed of at least 64 knots) at least once in a given year. For each year and each
realization of cyclone tracks a binary map of exposed land area is generated at 0.1◦ spatial resolution. This
map is then aggregated to obtain the land area fraction exposed at 0.5◦ spatial resolution. Details of the
generation of cyclone track realizations are given in Text S5. Note that our definition of exposure to tropical
cyclones omits the exposure to storm surge and heavy precipitation that generally occur in association with
a tropical cyclone. Since these byproducts may strike beyond the region exposed to hurricane-force winds
we consider our tropical cyclone exposure to be conservative.
Crop failure is separately defined for each grid cell and crop type (maize, rice, soybean, and wheat) dis-
tinguishing between irrigated and rainfed yields. A crop is defined to fail if its yield falls below the 2.5th
percentile of the baseline yield distribution derived from the associated preindustrial baseline simulation.
The land area fraction exposed to crop failure is set equal to the land area fraction used to grow the failed
crop(s) in a given year and grid cell. Note that we consider crop failure as an individual event category, not
as the potential result of a drought or heatwave. We do this because not every crop failure is caused by a
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drought or heatwave (Kamali et al., 2018; Webber et al., 2020) and since crop failure is an important extreme
climate impact event. For example, it may disrupt food security (Battisti & Naylor, 2009; Gaupp et al., 2019),
which belongs to the 17 Sustainable Development Goals of the United Nations.
Exposure to wildfire is directly derived from monthly or annual output of burned area provided by the five
GVMs. For the models that provide monthly burned area (VISIT, ORCHIDEE, and CARAIB), the annual
land area fraction exposed to wildfire is calculated as the sum of the monthly values (capped at 100%). We
thereby assume that an area that has burned during one month of a year is unlikely to burn again during the
same year, because fires reduce the available fuel for the next burning and in most GVMs fire ignitions are
limited by fuel availability. This mechanism holds true for most of the globe (Andela et al., 2017; Archibald
et al., 2013; van der Werf et al., 2017), although fire return intervals may be smaller than one year in strongly
fire-dominated ecosystems such as in Sub-Saharan Africa (Archibald et al., 2010).
We define a drought to occur if monthly mean root-zone soil moisture (see Text S2 for details) falls below
the 2.5th percentile of the preindustrial baseline distribution for at least 7 consecutive months. While this
time scale is in line with medium-term drought definitions used in other studies (Seneviratne et al., 2010;
Sheffield & Wood, 2008), using soil moisture to identify drought conditions is less common. The most promi-
nent drought indices, the Standard Precipitation Index and the Palmer Drought Severity Index, are defined
based on meteorological variables (precipitation and temperature) (Heim, 2002; Seneviratne et al., 2010).
Root-zone soil moisture has several advantages since it shows the combined effects of processes such as
precipitation, soil evaporation, plant transpiration, infiltration, runoff, snow accumulation, and melt and
is therefore a good indicator for drought conditions that are relevant in particular for plant growth and
ecosystem respiration (Dai, 2013; Sheffield & Wood, 2008; Stocker et al., 2019). While using relative monthly
thresholds to distinguish dry from wet periods is common (Hirabayashi et al., 2008; Nyabeze, 2004; Stahl,
2001; Vidal et al., 2010; Van Loon, 2015) and consistent with the other extreme event definitions it also means
that our drought definition does not reflect absolute water availability. Therefore, exposure to drought as
defined here should not be confused with exposure to water scarcity (water demand versus water supply),
which is captured by socioeconomic drought indices (Mehran et al., 2015; Veldkamp et al., 2017).
Exposure to heatwaves is calculated directly from bias-adjusted GCM output of near-surface air temperature
and relative humidity. Given the wide range of heatwave impacts and their various drivers, such as inten-
sity and duration, the definition of a heatwave varies between studies according to the specific application
(Perkins, 2015). Our heatwave definition combines a relative indicator, which assesses the magnitude of a
heatwave relative to magnitudes that were normal under preindustrial climate conditions, with an abso-
lute criterion that ensures that the heatwaves identified would not only be considered exceptionally warm
under preindustrial climate conditions, but would also adversely affect human health. The relative indicator
is based on the Heat Wave Magnitude Index daily (HWMId), which depends only on daily maximum tem-
perature (Russo et al., 2015, 2017). The absolute indicator is the Humidex (Masterton & Richardson, 1979),
which depends on daily maximum temperature as well as daily mean temperature and relative humidity.
Including the Humidex, we make sure that our heatwaves are both hot and humid, and hence represent
different conditions than our droughts. For details of our heatwave definition see Text S6.
As can be seen from our definitions, grid cells can be partially exposed to river floods, tropical cyclones, crop
failure, and wildfires. This reflects that the spatial extent of those events is limited by topography, storm
tracks, land use, and vegetation patterns, respectively. In contrast, grid cells can only be entirely exposed to
droughts and heatwaves because their occurrence is computed from GHM and GCM output at 0.5◦ spatial
resolution and downscaling those occurrences is less straightforward than for the confined events. While, for
example, river floods have clear physical limits determined by topography, the spatial extent of droughts and
heatwaves is less delineated by, for example, elevation, land cover, or soil type. Higher-resolution estimates
of exposure to droughts and heatwaves would hence require higher-resolution climate input data.
3. Results
3.1. Global Scale
The pure effect of climate change on the global exposure of land and population to extreme events is depicted
in Figures 1 and 2, respectively. Shown are absolute changes in exposure according to individual climate
model-impact model combinations (for the corresponding relative changes see Figures S1–S9) as well as





Figure 1. Change in global land area annually exposed to extreme events at different levels of global warming relative
to preindustrial climate conditions. Changes are expressed as percentages of the total global land area excluding
Greenland and Antarctica. Every line represents the warming level-dependent multiyear mean change in exposure
according to one climate model-impact model combination. Different colors indicate results for different climate
models. Shaded areas represent the multi-impact-model median of the multiyear mean change in exposure ± the
multi-impact-model median of the interannual standard deviation of exposure. Gray numbers at the bottom of each
panel indicate multimodel median change factors at 1◦C, 2◦C, and 3◦C global warming relative to preindustrial
conditions. Panels (a)–(c) and (d)–(i) show results for aggregated and individual event categories, respectively. See
Figures S1–S6 for which impact model is behind which line in panels (d)–(i).
multimodel median change factors, where a change factor of 3 indicates an increase by a factor of 3, which
is equivalent to a relative increase of 200%.
According to our simulations, the historical global warming of 1◦C has already substantially increased the
global land area annually exposed to extreme events. Compared to a counterfactual world with preindustrial
climate conditions and today's socioeconomic background conditions, today's exposure is already 2.4 times
larger (Figure 1a; central 90% multimodel range: 1.5–3.2). All categories of extreme events have contributed





Figure 2. Change in global population annually exposed to extreme events at different levels of global warming relative
to preindustrial climate conditions. Analogous to Figure 1, with changes expressed as percentages of the global
population of year 2005.
to this increase, but changes in droughts and heatwaves dominate the overall signal (Figures 1b–1i). For
ongoing global warming of up to 3.5◦C relative to preindustrial conditions, we project the global land area
exposed to extremes to increase further for all event categories. In particular, global warming by 2◦C and
3◦C is projected to increase the land area annually exposed to extreme events by a factor of 5.3 and 8.0,
respectively (Figure 1a; central 90% multimodel range: 2.6–7.3 and 3.5–11, respectively). Results for 3◦C
global warming are more uncertain since only two out of four GCMs reach this warming level under RCP6.0.
In line with an increasing global land exposure, global warming is projected to increase the global population
exposed to extreme events from each of the six categories considered here (Figure 2). For all six categories
combined, we find that the historical 1◦C global warming has already increased global exposure by a factor of
2.3 (Figure 2a; central 90% multimodel range: 1.8–3.6). Compared to increases in the global land area fraction
exposed, increases in the global population fraction exposed are greater for tropical cyclones, crop failure
and heatwaves, approximately equal for river floods and wildfires, and less for droughts. These differences





Figure 3. Change in land area annually exposed to extreme events at the grid scale for different levels of global
warming relative to preindustrial climate conditions. Changes are expressed as percentages of the land area of each
0.5◦ × 0.5◦ grid cell. Colors indicate multimodel median changes in multiyear mean land area exposed to (a, c, and e)
confined events and (b, d, and f) extensive events at (a, b) 1◦C, (c, d) 1.5◦C, and (e, f) 2◦C global warming. White
indicates missing data over Greenland and a small change or less than 66% model agreement on the sign of the
change elsewhere.
reflect that tropical cyclones primarily hit the densely populated coastal regions of the tropics and subtropics,
crops are usually grown in close proximity to human settlements, and (humid) heatwaves primarily strike
the densely populated low-latitude and low-altitude regions of the world, whereas the regions most prone
to droughts are typically sparsely populated.
Projected changes come with varying degrees of modeling uncertainty. While for heatwaves, the climate
change signal is particularly large relative to interannual variability, and differences between climate models
are particularly small in comparison, the opposite is true for tropical cyclones. Nevertheless, for both event
categories, all four climate models project an increase in exposure. For the other four event categories, the
relative share of the overall modeling uncertainty of climate models and impact models varies. For river
floods and crop failure, the climate models contribute the bulk of the modeling uncertainty. In contrast, for
droughts and wildfires, modeling uncertainty is dominated by the impact models.
Changes in global land area and population exposure are about one order of magnitude larger for extensive
compared to confined events. This is also true for the corresponding relative changes (expressed as multi-
model median change factors in Figures 1 and 2 and shown for individual models and event categories in
Figures S1–S6). Note that for tropical cyclones, droughts, and wildfires, the modeling uncertainty of rela-
tive changes in global exposure is lower than the modeling uncertainty of changes in global exposure. The
opposite is true for heatwaves and there is no difference for river floods and crop failure.
3.2. Grid Scale
We now turn to the grid scale to identify the regions most exposed to extreme climate impact events in the
future. Projections indicate that most regions of the world will face increases in land exposure to extremes
(Figure 3, see Figures S10–S15 for individual category results). Particularly large increases in the land area
annually exposed to confined events are projected for the Midwestern United States (mainly driven by





Figure 4. Change in population annually exposed to extreme events at the grid scale for different levels of global
warming relative to preindustrial climate conditions. Analogous to Figure 3, with changes expressed in thousands of
people based on the population distribution of year 2005.
crop failure), Mexico (mainly driven by tropical cyclones, crop failure, and wildfires), South America and
Southern Africa (mainly driven by wildfires), the Nile valley and East Africa (mainly driven by river floods
and tropical cyclones), North Africa, the Middle East, and South Asia (mainly driven by crop failure),
Southeast Asia (mainly driven by tropical cyclones and river floods), East China (mainly driven by tropical
cyclones and crop failure), Japan (mainly driven by tropical cyclones), Northern Canada and Russia (mainly
driven by river floods), and Australia (mainly driven by tropical cyclones and wildfires).
Large increases in the land area annually exposed to extensive events are projected for many tropical and
subtropical regions. While most of these increases are driven by heatwaves, increases in land area exposed to
drought are projected for large parts of South America, Southern Europe, the Middle East, and North Africa,
as well as for small parts of Sub-Saharan Africa, China, and Australia. Decreases in exposure to drought are
projected for Northern Canada and Russia.
The corresponding changes in population exposure are greatest where increases in land exposure meet high
population density (Figure 4). These regions are West Africa, South Asia, East Asia, and Southeast Asia. The
largest increases in population exposure to confined and extensive events are concentrated in South Asia,
in particular in the Indo-Gangetic Plain.
3.3. National Scale
National-scale projections of land and population exposure to extreme climate impact events of any cate-
gory are shown in Figures 5 and 6. In line with grid-scale results, particularly large increases in population
exposure are projected for the South Asian countries Pakistan, India, and Bangladesh, mainly driven by
increases in exposure to heatwaves and crop failure. In agreement with results at the global scale, modeling
uncertainty is particularly large for wildfires and droughts. It is smaller for river floods, tropical cyclones,
and crop failure. The clearest climate change signal is simulated for heatwaves.
The largest increases in population exposure to river floods are projected for Egypt, Sudan, and the
Netherlands. For tropical cyclones, the largest increases are projected for the Comoros, the Philippines, and
Solomon Islands. For crop failure, the largest increases are projected for Iraq, Egypt, and Nepal. For wildfires,





Figure 5. Change in national land area annually exposed to extreme events for 2◦C global warming relative to
preindustrial climate conditions. Changes are expressed as percentages of the national land area and plotted against
2019 GDP per capita (IMF, 2019). Every circle represents the multimodel median change in the multiyear mean land
area exposed for one country. The vertical line behind a circle represents the corresponding multimodel interquartile
range. Circle color and circle area represent world region and national land area, respectively. Panels (a)–(c) and
(d)–(i) show results for aggregated and individual event categories, respectively.
increases are largest for Zimbabwe, Angola, and Mongolia. For droughts, the largest increases are projected
for Morocco, Israel, and Algeria. For heatwaves, the largest increases are projected for Bahrain, Kuwait, and
Guyana.
To highlight distributional aspects of climate change, Figures 5 and 6 relate projected changes in exposure
to 2019 gross domestic product (GDP) per capita at purchasing power parity (PPP). We find that changes
in exposure to river floods, tropical cyclones, wildfires, and droughts are only weakly related to GDP. In
contrast, changes in exposure to crop failure and heatwaves are unevenly distributed.
Exposure to crop failure is projected to increase for most low-income and middle-income countries whereas
it is projected to decrease for most high-income countries. In particular, decreases are projected for most





Figure 6. Change in national population annually exposed to extreme events for 2◦C global warming relative to
preindustrial climate conditions. Analogous to Figure 5, with changes expressed as percentages of the national
population of year 2005.
countries in Europe and Central Asia. In many of those cases, decreases in land exposure are greater
than decreases in population exposure since the latter are limited by low population fractions working in
agriculture.
Particularly large increases in exposure to heatwaves are projected for the countries around the Persian
Gulf. Apart from that region, exposure to heatwaves is projected to increase more in low-income and
middle-income countries than in high-income countries. For Canada and most countries in Europe and
Central Asia, we project no change in exposure to heatwaves as long as global warming is limited to 2◦C. This
finding is related to our heatwave definition which requires heatwaves to be both hot and humid (Text S6).
Below 2◦C global warming, the Humidex hardly ever exceeds our threshold value of 45 in the temperate
zones and polar regions.
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4. Discussion
Our findings paint a clear picture of the impacts of global warming on extremes. In particular the increase
in global exposure to extremes that we project for all six event categories is a strong result that needs to
be discussed, since it is associated with uncertainties from many sources, including climate and impact
modeling uncertainties, limitations of our exposure measures and extreme event definitions, and omitted
effects of future population change, economic development, and adaptation. Fundamental limitations of the
impact models, exposure measures, and extreme event definitions used here have already been presented
in section 2. We now expand on that discussion and compare our findings to those of other studies. The
numbers presented here for relative changes in exposure represent the multimodel median as well as the
central 90% multimodel range (in parentheses).
Global warming of 2◦C is projected to increase the global population exposure to river floods by 100%
(60–310). River flood modeling uncertainty is mostly related to climate input data uncertainty. This finding
is supported by previous studies (Giuntoli et al., 2015; Hattermann et al., 2018; Velázquez et al., 2013; Vetter
et al., 2017), which found GCMs to contribute more to high-flow modeling uncertainty than GHMs. The high
uncertainty in climate input data is in turn related to the poor reproduction of extreme precipitation events
by GCMs, due to their coarse resolution and deficient parametrization of the complex multiscale processes
involved in cloud dynamics (Lange et al., 2015; Randall et al., 2003). Consequently, precipitation projections
are uncertain (Stocker et al., 2013) and it is expected that, using only four GCMs, we do not cover the full
range of uncertainty of river flood projections. Nonetheless, our qualitative finding of an increase of the land
area exposed to river floods in a warmer world is in line with more frequent extreme precipitation events
that are expected from thermodynamic theory (Allen & Ingram, 2002), found in observations (Lehmann
et al., 2015), and projected by climate models (Ban et al., 2015). The spatial pattern of change in exposure
to formerly 100-year river floods found here does not fully agree with the projections by Hirabayashi et al.
(2013). Given the high climate modeling uncertainty of river flood projections, we suspect that these devia-
tions are due to different climate model outputs used here (precipitation, temperature, and radiation from
four GCMs) and in their study (runoff from eleven GCMs). Another caveat is that while dams and levees
are often effective measures to prevent river flooding, river flood defense in most developing regions are
currently insufficient to prevent 100-year return level floods (Scussolini et al., 2016). Assuming universal
protection against river floods with return periods shorter than 100 years is thus expected to underesti-
mate flooded area in developing countries, but overestimate it in some industrialized countries (such as the
Netherlands, see Figure 5). Since few regions currently have protection levels greater than 100-year return
levels, higher exposure to flooding than projected here should be expected in most regions.
We project a 50% (10-110) increase of the global population annually exposed to tropical cyclones in response
to 2◦C global warming. Similarly large uncertainties were found in projections done with older versions
of the same tropical cyclone model as used in this study (Emanuel, 2013; Emanuel et al., 2008). We simu-
late particularly large exposure increases for the island countries in the Indian and Pacific oceans. Those
increases are related to either constant or increasing tropical cyclone frequencies and intensities that our
tropical cyclone model projects for all ocean basins and climate input data sets. While an increase in tropical
cyclone intensity with global warming is in line with maximum potential intensity theory and climate model
projections done with coarse-resolution GCMs as well as convection-permitting regional climate models
(Bender et al., 2010; Emanuel, 1987; Knutson & Tuleya, 2004; Patricola & Wehner, 2018; Sobel et al., 2016),
an increase in tropical cyclone frequency with global warming is less supported by earlier findings since most
(Emanuel et al., 2008; Gualdi et al., 2008; Knutson et al., 2010; Walsh et al., 2016; Wehner et al., 2018), but
not all (Lee et al., 2020; Vecchi et al., 2019) models project fewer tropical cyclones in a warmer world. While
this suggests that we overestimate the increase in global exposure to tropical cyclones, the increase we find
may still hold, since Mendelsohn et al. (2012) and Gettelman et al. (2018) found that an increase in cyclone
intensity has the potential to overcompensate for a decrease in the number of tropical cyclones, resulting in
a net increase in global exposure to tropical cyclones in response to global warming. Note that future adap-
tation has the potential to reverse any such trend given the large potential impact of socioeconomic change
on tropical cyclone exposure (Bouwer, 2013; Gettelman et al., 2018; Peduzzi et al., 2012; Pielke, 2007).
Global population exposure to crop failure is projected to increase by 120% (50–380) in response to 2◦C
global warming. We find that GCMs contribute more to the modeling uncertainty than GGCMs. In contrast,
previous analyses of variance of crop yields projected in multimodel frameworks attributed larger variance
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fractions to crop models than to climate models (Ostberg et al., 2018; Tao et al., 2018). Given that our GGCM
ensemble only has three members, this suggests that we underestimate the structural uncertainty of our
crop failure projections. However, the importance of differences in climate projections for simulated extreme
yields has not been explored to date. Our finding that global warming increases the exposure of tropical and
subtropical regions to crop failure in particular for maize and wheat is in line with earlier findings (Challinor
et al., 2014; Knox et al., 2012; Rosenzweig et al., 2014). According to our multimodel median projections,
increases in global exposure to crop failure only set in at about 1◦C global warming relative to preindustrial
conditions. This is explained by northern regions seeing a decrease in exposure at low warming levels that
balances the concurrent increase at lower latitudes. Such initially opposing signals in different regions have
also been found in studies of climate change impacts on multiyear mean yields (Franke et al., 2019; Minoli
et al., 2019). The decrease in exposure to crop failure we find for the northern parts of Europe and Central
Asia beyond 1◦C global warming is in line with previous crop yield projections for these regions (Knox et al.,
2016; Reyer et al., 2017). A major source of uncertainty in our crop yield projections is the CO2 fertiliza-
tion effect, since both the magnitude of the effect itself and the atmospheric CO2 concentration at a given
global warming level are subject to considerable uncertainty (Deryng et al., 2016; Rosenzweig et al., 2014;
Schleussner et al., 2018). Note that our crop models do not account for changes in agricultural manage-
ment, such as changes in the use of cultivars, fertilizer, pesticides, and irrigation. Therefore, positive effects
of future adaptation are not included in our crop yield projections in spite of their potential to make up for
at least some of the projected yield decreases (Challinor et al., 2014; Minoli et al., 2019).
Global warming of 2◦C is projected to increase the global population exposure to wildfires by 30% (10–140).
Modeling uncertainty is dominated by the GVMs, with ORCHIDEE and VISIT simulating substantially
larger absolute increases in annual global burned area than the other three GVMs. Since this wide range
of changes largely reflects differences in baseline values (Text S3), relative changes are more informative
than absolute changes (Figure S4). The large structural wildfire modeling uncertainty found here resembles
results of earlier model intercomparison studies (Andela et al., 2017; Forkel et al., 2019; Wu et al., 2015).
Note that our GVMs have only a very limited and simplified representation of direct human influences on
wildfire ignition, suppression and management. Therefore, the projected increase in annual global burned
area should be interpreted as a purely climate-driven increase in wildfire risk with global warming. Such an
increase is consistent with earlier findings (Abatzoglou et al., 2019; Jolly et al., 2015; Pechony & Shindell,
2010; Turco et al., 2018), but we acknowledge that future changes in direct human influences on wildfires
have the potential to reverse this trend, as they have done in the past (Andela et al., 2017; Forkel et al., 2019;
Yang et al., 2014).
We project a 370% (30–790) increase of the global population annually exposed to droughts in response to
2◦C global warming. Drought modeling uncertainty is mainly driven by the GHMs. Larger contributions by
GCMs to drought modeling uncertainty was found by Samaniego et al. (2017), where multimodel projections
of hydrological droughts at the river basin scale were analyzed. In contrast, larger uncertainty due to GHMs
than GCMs was found by Prudhomme et al. (2014) in multimodel grid-scale projections of hydrological
droughts. While seven out of eight GHMs project global warming to increase the global land area annually
exposed to droughts, H08 projects a decrease for two out of four GCMs (Figure S5). In these two cases,
decreases in the boreal Northern Hemisphere overcompensate for increases in most other regions. The other
seven models project larger increases in most regions and in some cases not even a decrease in the boreal
Northern Hemisphere, despite the increase in precipitation projected there. It is possible that GHMs at the
high end of our ensemble overestimate increases in exposure to drought since some of the models' potential
evaporation schemes have been shown to produce dry biases in future projections (Milly & Dunne, 2017).
Yet Dai (2013), Prudhomme et al. (2014), and Lehner et al. (2017) support our finding of an increasing global
exposure to drought under global warming, and the spatial patterns of change largely agree, with particularly
large increases in drought exposure projected for the Mediterranean region and the Amazon basin.
Global population exposure to heatwaves is projected to increase by 2,000% (1,500–3,400) in response to 2◦C
global warming. Modeling uncertainty originates from differences in regional patterns of temperature and
relative humidity change projected by the GCMs. However, the uncertainty is limited by the thermodynamic
relationship between those two variables (Fischer & Knutti, 2013). Since our heatwave definition takes
humidity into account, our findings compare well with studies that define heatwaves based on wet-bulb
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temperature (Dunne et al., 2013; Im et al., 2017; Sherwood & Huber, 2010). In particular, spatial patterns
agree, with particularly large increases in exposure to heatwaves projected for the Persian Gulf and the
Indo-Gangetic Plain. The rate of change in global exposure to heatwaves found here compares well with
results in Dosio et al. (2018), even though they use a heatwave definition that does not take humidity into
account. Dosio et al. (2018) find that, compared to a 1.5◦C world, under 2◦C global warming the frequency of
extreme heatwaves would double over most of the globe. For the same change in global mean temperature,
we project a 50% increase in the global land area (excluding Greenland and Antarctica) annually exposed
to heatwaves. Note that our estimates do not account for future adaptation or population change. Both are
considered to be sources of considerable uncertainty for projections of population exposure to heatwaves
(Mendelsohn, 2006; Perkins, 2015). For example, we do not consider future urbanization, which has the
potential to further increase population exposure to heatwaves due to the urban heat island effect (Fischer
et al., 2012; Oleson et al., 2011).
Our finding that poorer countries will be disproportionally exposed to crop failure and heatwaves extends
earlier analyses of distributional aspects of climate change that focused on exposure to temperature extremes
(Harrington et al., 2016, 2018). Our result also corroborates and complements earlier findings that macroe-
conomic impacts of climate change are larger in low than high-latitude countries and that the poor may bear
the brunt of the economic damages from climate change (Burke et al., 2015; Diffenbaugh & Burke, 2019;
Hansen & Sato, 2016; King & Harrington, 2018; Mahlstein et al., 2011; Mendelsohn et al., 2006; Schelling,
1992; Tol, 2018). In this context it should be noted that the present analysis only considers exposure and is
therefore not a complete climate change risk assessment because such an assessment would have to include
vulnerability (Field et al., 2014). Since vulnerability to extreme climate impact events tends to be higher in
poorer countries (Diffenbaugh et al., 2007), disparities in climate change risks between poor and rich coun-
tries are expected to be even larger than the disparities in exposure found here. That being said, they are
also considerably more uncertain due to the strong dependence of risk on vulnerability and the uncertain
future development of vulnerability (Byers et al., 2018; Schelling, 1992).
5. Conclusion
Using an innovative experimental setup, this study quantifies the pure effect of climate change on the
land area and population exposed to six categories of extreme climate impact events (river floods, tropical
cyclones, crop failure, wildfires, droughts, and heatwaves) at the global, grid, and national scale.
For all six event categories combined, we find that the historical 1◦C global warming has already increased
the global land area and population annually exposed by about 140% and 130%, respectively. While all six
event categories contribute to these increases, droughts and heatwaves are the biggest contributors. These
patterns are projected to intensify in response to ongoing global warming. For all six event categories com-
bined and the 0–3◦C warming level range, we simulate a continuous increase with global warming of both
the annually exposed global land area and population. Results at the grid and national level indicate that
most of the larger increases will occur in the tropical and subtropical regions, particularly in South Asia.
While our findings come with uncertainties from many sources, none of these uncertainties are likely to
undermine our main conclusions: Anthropogenic climate change has already substantially increased the
exposure to extreme climate impact events worldwide, and further global warming is projected to exacerbate
the patterns of change we already see today. Our results support the claim that “holding the increase in
the global average temperature to well below 2◦C [… ] would significantly reduce the risks and impacts of
climate change” (UNFCCC, 2016) and therefore underscore the urgency for climate action expressed in the
Paris Agreement of 2015.
Data Availability Statement
The ISIMIP2b climate input data and impact model output data analyzed in this study are avail-
able in the ISIMIP data repository at ESGF, see https://esg.pik-potsdam.de/search/isimip/?project=
ISIMIP2b&product=input and https://esg.pik-potsdam.de/search/isimip/?project=ISIMIP2b&product=
output, respectively. More information about the GHM, GGCM, and GVM output data is provided by Gosling
et al. (2020), Arneth et al. (2020), and Reyer et al. (2019), respectively. The tropical cyclone track data are
available for research purposes from K. E. (emanuel@mit.edu) on request. Researchers will be asked to sign
a nonredistribution agreement and to assert that the data will be used for nonprofit research only.
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